Measurement of the passive electrical resistance of biological tissues through biogalvanic characterisation has been proposed as a simple means of distinguishing healthy from diseased tissue. This method has the potential to provide valuable real-time information when integrated into surgical tools. Characterised tissue resistance values have been shown to be particularly sensitive to external load switching direction and rate, bringing into question the stability and efficacy of the technique. These errors are due to transient variations observed in measurement data that are not accounted for in current electrical models. The presented research proposes the addition of a time-dependent element to the characterisation model to account for losses associated with this transient behaviour. Influence of switching rate has been examined, with the inclusion of transient elements improving the repeatability of the characterised tissue resistance. Application of this model to repeat biogalvanic measurements on a single ex vivo human colon tissue sample with healthy and cancerous (adenocarcinoma) regions showed a statistically significant difference (p < 0.05) between tissue types. In contrast, an insignificant difference (p > 0.05) between tissue types was found when measurements were subjected to the current model, suggesting that the proposed model may allow for improved biogalvanic tissue characterisation.
Introduction
Evidence suggests that the surgical resection of cancer may benefit from being personalised [1, 2] . Integration of 3 such a treatment model requires more detailed data regarding tissue health than is currently available through standard 4 preoperative imaging techniques. Therefore, the development of improved intraoperative assessment techniques is 5 crucial. Intraoperative sensing has seen much focused research, through imaging using passive and active agents [3, 4] 6 and through direct measurement of mechanical [5] and electrical properties [6] . 7
Measurement of the passive electrical resistance of biological tissues using a biogalvanic power source has been 8 proposed as a simple means of distinguishing tissue type, or healthy from diseased tissue [7, 8] . When integrated into 9 surgical tools, this method has the potential to relay real-time information regarding tissue health. Success of the 10 technique requires improved understanding of the electrochemistry of the galvanic cell as well as the electrical 11
properties of tissues under direct current. The potential difference across a biogalvanic cell, established by placing two 12 differing metal electrodes across a target tissue, can drive a measureable cell current. Modulation of cell current is 13 achieved through sequential switching across a range of external resistive loads. With the assumption of a constant 14 Open Circuit Voltage , Golberg et al. [7] related the measured cell current, for a specific external load, to 15 the internal resistance of the galvanic cell, using equation (1 Time-dependent model 45 
46
The established fitting method [9] utilises a single resistance in series with the galvanic power source and external 47 load, expressed in equation (2). Inclusion of time-dependent electrode interference can be achieved through a more 48 comprehensive model, where aspects of the electrode impedance are included. Figure 1 shows the developed model, 49 where potential losses across the electrode are accounted for through a parallel resistance and capacitance 50 associated with the charge transfer resistance and EDL capacitance respectively. 51 52 53
Here Fig. 1 . 54 55
The cell can be considered as discrete voltage losses across the EDL , tissue resistance and external 56 resistance in accordance with equation (3). The voltage drop across the EDL forms the most complex aspect of 57 the model, with the response given by equation (4), with the time-constant being the product of the charge transfer 58 resistance and EDL capacitance. The steady-state current for a particular external load can be calculated using 59 equation (5) . The current step for subsequent loads is therefore determined as the difference in steady-state 60 currents for sequential external loads. Equation (6) gives the voltage response across a specific external resistance. 61
Individual voltage responses for a set of external loads can be summed to give the full voltage-time response. A 62
Levenburg-Marquardt algorithm [14] was implemented in software (LabVIEW, National Instruments) to 63 optimise , and parameters to the measured voltage-time data based on known external loads and 64 switching rate. influence was shown, its effects were on a larger time scale than the presented studies. This factor was therefore 85 assumed to not be influential within the presented data. The rate of external load switching was varied from 1 -0.02 86
Hz in a random test order with the voltage-time response of each recorded at 100 Hz. Each voltage response was 87 characterised using the models of equation (2) and (6) figure 4 . The quality of the fit is not completely consistent across the full load range of the test possibly 117
suggesting parameter variation with cell potential. In this case, the model fit parameters may be considered as an 118 average over the data range. Of the fit parameters, the tissue resistance has been used for direct comparison to the 119 internal resistance of equation (2). The external load switching rate has a significant impact on the measured voltage-time response. Due to the 143 complex nature of the electrochemical system this influence is not exclusively due to resistive and capacitive 144 phenomena at the electrode interface but also due to current fluctuations as diffusion of ion species impacts on 145 galvanic reaction rates. Diffusion related drift in the voltage response appears more clearly over larger time-scale tests, 146 particularly prior to load switching stages in the 0.02 Hz test shown in figure 3 . This inevitably reduces the accuracy 147 of the proposed model fitting method although it is evident from figure 4 and 5 that fitting to the model of equation (6) 148 gives a good approximation to the system and yields meaningful data in terms of tissue resistance and electrode-tissue 149 interface parameters. In particular, figure 5(a) shows the results from resistance characterisation using implementation 150 of equation (2) and the proposed transient model of equation (6). Significant dependence on the switching rate is 151
shown for the former leading to a larger error in the mean resistance across all test conditions. Implementation of the 152 transient model reduces this variability, through removal of the electrode parameters from the system. A lower 153 average tissue resistance is produced with much less variability with switching rate. For application within surgery the 154 measurement system should allow optimisation through control of the external load switching rate. With the proposed 155 model of equation (6), it is feasible that the switching rate be reduced to allow faster characterisation, without causing 156 large errors associated with electrode phenomena within the output metrics. Additionally, this use of the time-157 dependent model would allow comparison between resistance values characterised using different external load 158 switching rates. 159
The characterised internal resistance values in figure 5(b) show poor specificity for healthy and cancerous tissue. 160
This may be as a direct result of the relatively large and variable influence of the electrode resistance. However, 161 application of the time-dependent model fit allows some separation of these electrode properties from the tissue 162 resistance of interest. Figure 5(c) shows how the application of the proposed model gives much less variability and 163 generates a clear distinction between the healthy and cancerous tissue tested. The values of tissue resistance are also 164 much lower than those predicted using a single fixed internal resistance. Statistical analysis (independent samples t-165 test) indicates no significance (p > 0.05) when the model of equation (2) 
